Economic uncertainty has attracted a significant part of the modern research in economics, proving to be a significant factor for every economy. In this study, we focus on the transmission channel of uncertainty between developed economies, examining potential spillover effects between the U.S., the E.U., the U.K, Japan and Canada. Within a timevarying framework our empirical results indicate of a significant spillover of uncertainty from the E.U. to the U.S. JEL codes: D80, E32, F42.
Introduction
In wake of the "Great Recession", a large international literature has emerged that has analyzed the (negative) impact of uncertainty on macroeconomic variables and financial markets (see Chuliá et al., (2017) and Gupta et al., (forthcoming b) for detailed literature reviews). In parallel, numerous studies have also analyzed the spillover of uncertainty across economies (see, for example, Colombo (2013) , Ajmi et al., (2014) , Klößner and Sekkel (2014) , Yin and Han (2014) , Gupta et al., (2016, forthcoming a) , Biljanovska et al., (2017) , Caggiano et al., (2017) ). This is important, since if foreign country uncertainties do affect domestic uncertainty, the former is going to have an indirect effect on domestic uncertainty, and prolong its expected direct effects (due to a globalized world) on the domestic economy.
Against this backdrop, we revisit the issue of uncertainty spillovers associated with the U.S., the U.K., Canada, Japan and the E.U., and add to the literature along the following dimensions: (a) Unlike the rolling-window estimation of the popular Diebold and Yilmaz (2012) model to capture spillovers over time, we use a full-fledged time-varying parameter vector autoregressive (TVP-VAR) version as suggested by Antonakakis and Gabauer (2017) . This improves the methodology of Diebold and Yilmaz (2012) substantially, because there is no need to arbitrarily set the rolling window-size and there is no loss of observations 1 ; (b) Unlike the above-mentioned studies that utilize low-frequency monthly data to analyse uncertainty spillovers, we rely on daily data on uncertainty. Given that uncertainty is considered to be a leading indicator of the macroeconomy (Balcilar et al., 2016) , it makes more sense to analyse movements of uncertainty at a higher data frequency, so that the policy makers in the domestic economy know how to react to movements in the foreign uncertainties which are likely to affect the low frequency macroeconomic variables in the future; and, (c) Finally, given that economic decisions and economic variables (macroeconomic and financial) are likely to react differently to short-, medium-, and longrun movements of uncertainties (Barrero et al., 2017) , using wavelet theory, we decompose the uncertainty data into its various frequencies, and then in turn, repeat the spillover analysis for each frequency component across the countries considered. In sum, to the best of our knowledge, this is the first attempt to analyse spillovers of uncertainties within developed economies across both time and frequency dimensions.
The results of our empirical analysis reveal a significant uncertainty transmission from the E.U. to the U.S. Moreover, we detect a change in the spillover effects with the horizon they are associated with, given that in measurements of uncertainty changes in longer horizons tend to be attributed to external drivers of uncertainty.
The remainder of this study is organized as follows. Section 2 describes the empirical methodology employed. The empirical results of our analysis are presented in Section 3.
Finally, Section 4 summarizes and concludes this study.
Dynamic Connectedness based on a TVP-VAR model
To explore the transmission mechanism in a time-varying fashion, we are using the methodology outlined in Antonakakis and Gabauer (2017) . According to the Bayesian Information Criterion (BIC) we are employing a stationary TVP-VAR(1) with time-
where , and are × 1 vectors and , , and are × matrices. Equation (3) is the Wold representation of the system. The time-varying coefficients of the vector moving average (VMA) is the fundament of the connectedness index introduced by Diebold and Yilmaz (2012) using the generalized impulse response function (GIRF) and the generalized forecast error variance decomposition (GFEVD) developed by Koop et al. (1996) and Pesaran, and Shin (1998) . Our focus is on the h-step error variance in forecasting variable i that is due to shocks on variable j. Mathematically, it can be written as follows,
with ̃, (ℎ) denotes the h-step ahead GFEVD, Ψ , (ℎ) = , − 1 2 ℎ, Σ , , Σ the covariance matrix for the error , and ∑̃, (ℎ) = 1 =1 , ∑̃, (ℎ) = .
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Based on the GFEVD, we construct the total connectedness index (TCI) representing the interconnectedness of the network, formulated by
First, we are interested in the spillovers of variable i to all others j, representing the total directional connectedness to others defined as
Second, we compute the spillovers of all variables j to variable i, called the total directional connectedness from others defined as
Third, we calculate the differences between the total directional connectedness to others and total directional connectedness from others to get the net total directional connectedness , :
The sign of the net total directional connectedness illustrates if variable i is driving the network ( , (ℎ) > 0) or driven by the network ( , (ℎ) < 0). Finally, we break down the net total directional connectedness to examine the bidirectional relationships by computing the net pairwise directional connectedness (NPDC),
Empirical results
We compile a dataset of daily macroeconomic uncertainty indices from Scotti (2016) Diebold and Yilmaz (2012) .
Apart from the first-differenced data, we also decompose all series based on the maximal overlap discrete wavelet transform (Persival and Walden, 2000) . Given that the wavelet approach decomposes a signal in the frequency and not in the time domain, the order of the components adheres to variations and trends over different time aggregation levels.
Although we cannot identify exactly the aggregation level (i.e. daily, monthly etc.), the first components adhere more closely to short-run variations, while the last components describe long-run phenomena 3 .
In Figure 1 we show the total connectedness index of the TVP-VAR model for the first- The pairwise examination (Figure 3 ) corroborates to the aforementioned findings. Most of uncertainty spillovers to the U.S. stems from the E.U. and the U.K., while the E.U.
"exports" uncertainty to the U.K. and "imports" from Japan. Canada is the mostly isolated with only episodically receiving uncertainty, and Japan is only episodically affected by the U.K. Overall, the paths of uncertainty spillovers demonstrate a closer link between the U.S.
and the E.U.-an unlikely finding given the traditional relationships of the British economy with the U.S.
In Table 1 , we repeat the aforementioned examination in a quantitative manner. The largest contribution to the U.S. economic uncertainty (3.1%) comes from the Canadian economy, but that should be mainly attributed to the uncertainty spillover of the 2004 dot com bubble burst. The small value of the total volatility spillover (3.6%) indicates that uncertainty spillovers over the entire sample are very small. In comparison to Biljanovska et al. (2017) , our approach allows us not only to detect the existence of spillovers, but also to measure the significance of the spillover in the domestic economy.
[Insert Table 1] We now turn to the examination of the uncertainty spillovers between the decomposed components (Table 2) 4 .
[Insert Table 2] As we observe from Panels A and B of Table 2 , both the uncertainty effect originating from and to any given economy rise as we move from shorter to longer horizons, thus providing an indication that uncertainty spillovers between countries appear with a significant lag.
Our findings corroborate the ones of Gupta et al. (2016) and Biljanovska et al. (2017) , who also report such lagged effects. In Table 3 , we report the total connectedness index for each component. Again the total connectedness of the system rises at longer horizons, reaching up to 50.5% for the last components. This finding reflects that in the long-run most of the uncertainty variations should be attributed to exogenous influences, given that in the longrun the economy has time to adjust to any potential source of domestic uncertainty. In
Figures 4 to 7, we depict the NPDC for the first, the second, the seventh and the eighth components in order to depict the uncertainty spillover in the short-and long-run.
[Insert Figure 4 to Figure 7] The analyses of the Figures reveal the same pattern with the one from the qualitative presentation of Tables 2 and 3 . Longer-span uncertainty changes in the U.S. tend to be "imported" from the E.U. and from the U.K., while on average the U.S. has a less pronounced effect on uncertainty changes in Canada. In the case of Japan, in the longerrun uncertainty changes tend to be influenced by the U.S. uncertainty and the E.U., while we observe uncertainty spillovers from Japan and the U.K. to the E.U. over certain time periods. Overall, we find that uncertainty spillovers tend to vary according to the time period and the horizon under examination.
Concluding Remarks
In this paper we study the existence of uncertainty spillovers between economies in a timevarying framework. In doing so, we study uncertainty changes using the dynamic connectedness index of Antonakakis and Gabauer (2017) . Our empirical findings suggest a significant uncertainty transmission from the E.U. to the U.S. Moreover, we detect a change in the spillover effects with the horizon they are associated with, given that in measurements of uncertainty changes in longer horizons tend to be attributed to external drivers of uncertainty. While we restricted ourselves to analysis of macroeconomic uncertainty here, as part of future research, it would be interesting to analyze the spillovers across the various volatility indices (VIXs) involving financial markets of developed and developing countries, as well as commodity markets. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. 
A. Descriptive statistics
The daily macroeconomic uncertainty indices are from Scotti (2016) for the U.S., the U.K.
Japan, Canada and the E.U. In figures A-1 we depict the uncertainty indices. As we observe that, in certain indices exist periods of constant values, we use first difference transformation (instead of first difference of logarithms) of the series to ensure stationarity and to remove periods of constant variability.
A. Wavelets
We use the maximal overlap discrete wavelet transform in order to decompose all series into their respectful component series. In Figures A-1 we depict all the decomposed series.
As we observe, a large clustering in volatility occurs around the 2008 crisis for the U.S., the E.U. and the U.K. while no distinct patterns exist for Japan and Canada. Bearing in mind that the wavelet decomposition performs a decomposition in the frequency and not in the time domain, the order of the components reveals different characteristics over time.
Thus, the first components adhere to fluctuation in the short-run, while the last components reveal variations in the longest horizon. Yilmaz (2012), we also employ a 250-day rolling window VAR(1) model with constant parameters in order to measure the differences between the two approaches. In Table A-1 we report the uncertainty connectedness of the VAR model. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates.
As we observe, the reported connectedness indices are similar to the ones reported for the TVP-VAR model in Table 1 of the main body of the paper. The net spillovers for the U.S., the E.U., Canada and Japan are twice in absolute numbers for the VAR mode than those reported by the TVP-VAR model, and five times greater for the U.K. The signs remain the same indicating the same transmission direction. Nevertheless, the percentages remain very small between 0.5% and 2% in absolute numbers. The total net spillovers of the entire network are slightly larger for the VAR model from 3.6% to 4.1%, but the change is not important. Thus, the use of the VAR or the TVP-VAR reaches to similar results. In figures A-11 and A-12 we depict the net volatility spillovers per country and the net pairwise volatility spillovers. Once again the examination per time period gives similar results to the ones of the TVP-VAR model. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. Note: All values are percentages. The number in bold (bottom right corner) represents the total connectedness of the system. Its ijth entry is the estimated contribution to the forecast error variance of economy i coming from innovations to economy j. The diagonal elements reveal self-inflicting uncertainty, while all the off-diagonal elements report spillover rates. 
D. Dynamic Connectedness results for the wavelet components

